ABSTRACT This paper considers the problem of transmission scheduling of delay-sensitive data over a point-to-point correlated Rayleigh fading channel with channel estimation errors. According to the imperfect channel state information (CSI) and the buffer state, the transmit power and the modulation and coding scheme are determined to jointly maximize the energy efficiency, and minimize transmission delay and overflow probability. To account of the effects of the channel estimation errors, the CSI imperfection is modeled as uncertain sets using the ellipsoidal approximation. Then, the joint optimization problem is formulated using the weighted sum method. Using the idea of online learning, two algorithms are proposed to schedule the delay-sensitive data for the situations with and without the uncertainty bound of channel estimation, respectively. Numerical results indicate that the proposed online learning-based scheduling algorithms can tackle the imperfect CSI issue and improve the system performance in terms of the energy efficiency, transmission delay, and overflow probability. Moreover, the convergence times are very short, which highlights the feasibility of the proposed online learning-based scheduling for practical systems.
I. INTRODUCTION
With the popularity of wireless services, the demand for wireless transmissions has grown significantly in recent years. To meet this demand, the future cellular mobile communications are expected to offer the peak transmit rate beyond 10 Giga-bit-per-second [1] . However, high throughput usually implies large energy consumption. It is reported that the total energy consumed by wireless communication infrastructure accounts for more than 3% of the worldwide electric energy consumption nowadays [2] , and the portion is expected to increase rapidly with increasing data rate in the future. The rising of energy consumption directly results in increased greenhouse gas emission, which has been recognized as a major threat to environmental protection and sustainable development [3] . Consequently, how to reduce energy consumption is becoming an increasingly important design consideration. Under the dynamic environments of time-varying channel conditions and stochastic traffic arrivals, wireless data transmission is characterized by its high transmission error probability. Multiple retransmissions will expend excessive transmission energy and may lead to an intolerable transmission delay. Therefore, it is critical to design a transmission scheduling to balance the competing requirements of energy consumption and low transmission delay under the time-varying environments.
If the instantaneous condition of time-varying channel is known in advance by transmitter, the transmission scheduling that water-filling transmission resource in time is optimal in terms of energy consumption. In other words, the packets are transmitted with higher power and rate when the channel gain is strong and with lower power and rate when the channel is poor [4] . However, in practical systems, it is impossible to obtain the instantaneous channel state information (CSI) in advance. Therefore, assuming the CSI is perfect and causal (i.e., the scheduler has not the CSI for future timeslots), the problem of energy-efficient scheduling has been investigated intensively for transmitting delay constrained or delay sensitive data [5] - [13] .
For the scheduling problem of delay constrained data, all packets must be transmitted under a fixed delay constraint. In [5] , the scheduling problem over an additive white Gaussian noise (AWGN) channel was studied to minimize the energy subject to a delay constraint. By extending the work in [5] , further studies of the scheduling problem with different delay constraints were considered in [6] . In [7] , two scheduling problems over a fading channel were investigated. The first is to maximize the average throughput with the energy and delay constraints, and the second is to minimize the average energy to send a fixed amount of data. Both scheduling problems are solved using the framework of finite-horizon dynamic programming. Under the assumption of a linear energy-bit relationship, the optimal scheduling policy was proposed to minimize the total power consumption and packet holding time costs while satisfying the per-packet deadline which occurs after the arrival of next packet [8] . Describing the energy-bit relationship with the Shannon formula, three optimal scheduling polices for three different limit regimes were shown in [9] .
While the previously referenced works consider a fixed delay constraint, there have also a number of works in which statistical delays are minimized. In [10] , the minimization problem of the weigh sum of average transmission power and average delay was studied. In [11] , a near-optimal log-linear scheduler was proposed to minimize the transmission power of bursty sources over wireless channels with a mean queuing delay constraint. In [12] and [13] , the energy-efficient scheduling problem of delay sensitive data transmissions was modeled as a Markov decision process and several reinforcement learning algorithms were proposed. It should be note that the aforementioned works are characterized by assuming perfect CSI.
Since the channel estimation is not perfect in practical systems, the problem of imperfect CSI is crucial and has been considered in a number of work in [14] - [18] . In [14] , the optimal multi-user scheduling was studied to maximize the throughput considering the downlink fading channel without the knowledge of CSI, in which the CSI is estimated through the value iteration by exploiting the memory inherent in the Markov channels along with ARQ-styled feedback.
Using the heuristic idea to cope with the unknown environment, a method was proposed to maximize the queueing network utility under the constraint that the network queues remain stable in a controlled queueing network [15] . By modeling the CSI error as the Gaussian error from the feedback quantization, channel estimation inaccuracy, and feedback delay, robust rate adaptation and proportional fair scheduling for a cloud-based downlink cellular communications system were investigated in [16] . Using the ellipsoidal approximation, the CSI imperfections were modeled as uncertain sets deterministically and a robust resource allocation algorithm for multi-relay OFDM networks was proposed in [17] . In [18] , the real-time transmission scheduling problem over a finite Markov channel was considered. Under the framework of Markov decision process, an online leaning algorithm was proposed to approximate the unknown channel transition matrix and a near-optimal scheduling was proposed to maximize the average transmission utility.
We note that the online learning is shown to converge to the optimal solution when all the possible states are infinitely often visited [19] . Therefore, the idea of online learning has been tried to design the transmission scheduling schemes for wireless communications, such as [12] , [13] , and [18] . However, in these works, the channel states were often assumed to be discrete and finite, namely, the finite Markov channel model, which is quite different from the practical wireless channel characteristics. In this paper, we consider a transmission model similar to [13] , which consists of a source node and a destination node on a point-to-point wireless channel. The fading of the wireless channel is assumed to follow a correlated Rayleigh fading channel model. The purpose of this paper is to use online learning to deal with the CSI imperfections issues in practical channel estimations for the transmission scheduling problem of delay sensitive data. The main objective is to jointly maximize energy-efficiency, minimize transmission delay and packet overflow probability. The main contributions are summarized as follows.
• We formulate the transmission scheduling optimization problem over correlated Rayleigh fading channels with the channel estimation errors. At each timeslot, using the imperfect CSI and the buffer state, the transmit power and the modulation and coding scheme (MCS) are determined to jointly maximize the energy efficiency, minimize transmission delay and overflow probability. In this paper, considering the channel estimation errors, the CSI imperfections are modeled as uncertain sets using the ellipsoidal approximation in [17] . Therefore, only the uncertainty bound of the CSI may be used for the transmission scheduling. However, in some worse cases, even the uncertainty bound cannot be known in advance. To deal with the CSI imperfections, the idea of online learning is adopted to solve the joint optimization problem with and without the uncertainty bound of CSI imperfections, respectively.
• We propose an online learning based scheduling algorithm to solve the joint optimization with the uncertainty bound of channel estimation. Although perfect CSI is hardly to know, with the idea of robust optimization [20] , the uncertainty bound of CSI imperfections can be used to determine the transmit power to guarantee the block error ratio (BLER) of each packet with a selected MCS, which also builds the relation between the transmit power allocation and the MCS selection. Accordingly, only the MCS is need to determine for each timeslot to solve the original problem, which reduces the action space and convergence time of the proposed online learning based scheduling algorithm significantly.
• We propose online learning based scheduling algorithm to solve the joint optimization without the uncertainty bound of imperfect CSI. When the uncertainty bound of channel estimation is unknown in advance, the relation between the transmit power allocation and the MCS selection cannot be described analytically. Using the value iteration of online learning, the relationship between transmit power allocation and the MCS selection is approximated as Q values. Numerical results indicate that the proposed online learning based scheduling algorithm can tackle with the situations without the uncertainty bound of channel estimation.
The remainder of this paper is organized as follows. The system model is presented in Section II. In Section III, a multi-objective optimization problem is formulated to improve system performance in terms of the energy efficiency, transmission delay and overflow probability. Using the online learning, two scheduling algorithms are proposed for the optimization problem with and without the uncertainty bound of CSI imperfections in Section IV and Section V, respectively. The numerical results are presented in Section VI, and conclusions are drawn in Section VII.
II. SYSTEM MODEL
Consider a wireless transmission link with one source node and one destination node, as shown in Fig. 1 . The source node picks packets from its buffer and transmit them to the destination node. The packet transmission adopts multiple transmission rates based on MCSs in use [21] . Without loss of generality, we assume that there are K kinds of MCSs, which are denoted as MCS 1, MCS 2,. . . , MCS K . If no transmission is regarded as one special MCS, denoted as MSC 0, the set of MSCs can be denoted as A = {0, 1, · · · , K }. The system time is equally divided into timeslots. The duration of each timeslot T is selected to be less than the channel coherence time. Therefore, the block flat-fading channel model is assumed, i.e., the channel states remain invariant over a timeslot but vary across successive timeslots. Considering the channel states are continuous and infinite in actual communication system, the fading of the wireless channel is assumed to follow a correlated Rayleigh fading channel model [22] . During the timeslot n, the actual and estimated channel gains are denoted as g n and h n , respectively. Using the ellipsoidal approximation, the CSI imperfections can be deterministically modeled as follows [17] g n = h n 10
( 1) where ν n is the uncertain parameter and θ denotes the uncertainty bound which is a non-negative constant.
Using the estimated CSI and the buffer state, the scheduler at the source node selects a MCS and allocates transmit power for each timeslot. For timeslot n, the selected MCS and allocated transmit power are denoted as MCS k n and p n , respectively. Then, the number of packets under transmission can be obtained as
where s is the number of symbols that are transmitted during each timeslot, L is the number of bits in each packet, and ef f k n is the efficiency (in bits/symbol) of MCS k n . At the destination node, the received signal quality can be measured as
where n 0 is the background noise at the destination node, and P max is the maximum transmit power of the source node. Accordingly, the BLER can be accurately predicted as [23] 
where erfc (·) is the complementary error function, b (k n ) and c (k n ) are the corresponding fitting parameters for a given MCS k n . Using (4), the packet goodput, i.e., the number of packets without transmission errors, is modelled as
No transmission error is found 0 Transmission errors are found.
To facilitate the study, the buffer at the source node is a first-in-first-out queue and new packets are assumed to only arrive at the buffer just before the end of the current timeslot. Therefore, at the end of timeslot n, the number of packets in buffer can be obtained as
where B max is the storage size of buffer, l n is the number of arrival packets in timeslot n. (6) indicates that if the no transmission error is found, the transmitted packets will be removed from the buffer; otherwise, the transmitted packets will stay in buffer and wait for future transmissions. Moreover, if the buffer is full load, any new arrival packets will be discarded unconditionally. Refer to [24] , the number of arrival packets during each timeslot is assumed to follow an independent and identically Poisson distribution with the arrival rate λ, i.e.,
III. PROBLEM FORMULATION
To efficiently make use of scarce transmission resources, multiple objectives should be considered simultaneously. The primary objective is to save energy consumption. In practical systems, the largest proportion of energy is consumed for the wireless transmission. Therefore, the primary objective becomes how to save the transmission energy consumption. This objective cannot be understood directly as reducing the transmit power. The reason is if the transmit power is not enough, more errors may be found during the receiving packets at the destination. These error packets will stay in buffer and wait to be transmitted again. Obviously, more energy will be consumed. In order to measure the total energy consumption to transmit a packet without errors, the average efficient energy consumption at timeslot n is defined as
Accordingly, the primary objective can be described mathematically by minimizing (8) . For each packet, after its arrival in the buffer, it may be waiting for a lot of time to be transmitted without errors. The time between a packet arrival in the buffer and successful transmission is called the transmission delay. In this paper, the second objective is to how to shorten the transmission delay. It would be very complicated to collect and optimize the transmission delay of each packet. Intuitively, a longer transmission delay will impose a heavier load on the buffer. Therefore, the second objective can be changed into minimize the average load of buffer. In this paper, the average load at timeslot n is defined as
Meanwhile, due to the limitation of storage size, the overflow of buffer will occur when the number of the arrival packets is too large. Therefore, how to avoid the overflow of buffer should be taken into account as well. The condition of buffer overflow at timeslot n can be described as
In most cases, it is unlikely that the three objectives can simultaneously be optimized by the same solution. Therefore, some tradeoff between the above three objectives is needed to ensure a satisfactory system performance. The most wellknown tradeoff method is the weighted sum method [25] . Accordingly, the multi-objective optimization problem can be converted into the following minimization problem
where E (·) is the expectation operator, ε and τ are two small positive constant, which is used to ensure that minimizing the load and avoiding the overflow of buffer are the secondary and third objective, respectively. Note that I (·) in the objective is an indicator function and is used to show the occurrence of buffer overflow. The constraint (12) indicates that the transmission capacity of each scheduling cannot beyond the load in buffer to avoid the waste of transmission resource.
Due to the randomness of wireless channel and traffic, the optimization problem (11) is a complicated stochastic optimization problem, which has been proven to be a non-determined-polynomial-time complete problem without computational efficient algorithms to obtain the optimal solution. However, from an implementation point of view, computationally efficient algorithms are more preferred since the scheduler has to rapidly update the MCS selection and transmit power allocation as the variants of wireless channel and buffer state. Inspired by the Q-learning algorithm, two computationally efficient scheduling algorithm will be proposed in the next section.
IV. PROPOSED SCHEDULING ALGORITHM WITH THE UNCERTAINTY BOUND OF CSI IMPERFECTIONS
The Q-learning is a form of model-free reinforcementlearning technique to enable decision-making in a dynamic environment [13] . It experiences the consequence of a decision in the form of a reward and uses a RewardMatrix or Cost-Matrix to contain the rewards or costs received for arriving at a particular state after taking the decision. In addition, it uses a Q-Matrix, which is updated according to the received reward along with the corresponding state transition. The Q-Matrix guides the determination of a subsequent optimum decision, based on already taken decisions, to maximize the next reward. So far, some Q-learning based algorithms have been proposed for the problems in wireless communications [26] .
In this section, the optimization problem (11) is transformed into a reinforcement learning problem. The elements in problem (11) can be mapped into Q-learning elements as follows. 
A. STATES
In the proposed scheduling algorithm, the channel states are assumed to be discrete and finite. Without loss of generality, the range of the estimated channel gain can be divided into D states, as shown in Fig. 2 . The states can be defined as
where 0 < ω 1 < · · · < ω D−1 . Accordingly, the channel state at timeslot n can be determined as
Using the buffer and channel states, the current composite state of the system is defined in a vector as
where B n and H n represent the buffer state and the channel state at timeslot n, respectively.
B. ACTIONS
In order to avoid too many retransmissions, an allowable minimum BLER is usually given for practical systems. Accordingly, the target signal-to-noise ratio of MCS i can be derived from (4) as
where χ th is the allowable maximum BLER, and erfc −1 (·) is the inverse complementary error function [17] . Using the robust design to deal with the effects of channel estimation errors, the transmit power can be determined as
Since the transmit power is associated with the selected MCS, only MSC should be considered at each timeslot. In order to save transmission energy, the load state will be taken into account while selecting an appropriate MCS. More specific, the maximum packet number that will be transmit with the selected MCS cannot beyond the actual load in buffer. Mathematically, the set of available MCSs in timeslot n can be given as
C. COST FUNCTION
In the optimization problem (11), the objective is to save energy consumption, reduce the average load in buffer and avoid the overflow of buffer. Therefore, the total cost is defined as
In real systems, different circumstances have different QoS requirements. By adjusting ε and τ , the reward function is generic enough to satisfy different requirements in real systems.
D. ACTION SELECTION, NEXT STATE AND Q MATRIX UPDATE
Using the states, actions, and cost function defined as above, at timeslot n, the MCS is selected by
where Q (s n , k) is the Q-value associated with the tuple (s n , k). In matrix Q, the value of an arbitrary element is equal to the summation of its cost and the discount factor, multiplied by the minimum value of Q over all possible actions in the next state [27] . The Q-values are updated at each timeslot, which will be described later. After selecting a MSC, the transmit power will be allocated by (19) . Then the z (k n ) packets will be transmitted with the MCS k n and transmit power p n . After the wireless transmission, the next buffer state B n+1 will be updated using (6) . By channel estimation, the next channel state H n+1 can also be obtained using (16) . With the information of B n+1 and H n+1 , the next composite state s n+1 is determined as well. Accordingly, the Q value will be updated as [13] ,
where α n ∈ [0, 1] is the time-varying learning rate parameter, and γ is the discount factor.
The detailed procedures of this algorithm can be described in Fig. 3 . Note that, in Step 2, a random number is generated to try exploring a state that have not been visited in a search space and to avoid trapping in a local optima.
V. PROPOSED SCHEDULING ALGORITHM WITHOUT THE UNCERTAINTY BOUND OF CSI IMPERFECTIONS
For an unknown environment, the uncertainty bound of CSI imperfections may be unavailable. In this case, (19) cannot be used to determine the transmit power while keeping a low BLER. According to the idea of Q-leaning, the relation between the MCS selection and transmit power allocation can be found by updating the Q matrix iteratively. By modifying the algorithm proposed in previous section, a new algorithm is proposed to schedule the packet transmissions without the knowledge of CSI estimation errors. In order to avoid the curse of dimensionality [28] , only M levels of transmit power can be used to transmit data, i.e.,
Accordingly, the set of available transmit power can be given as
Meanwhile, the set of the available MCSs at timeslot n is
Using (25) and (26), the actions are modified as a vector containing the MCS selection and transmit power,
Moreover, the total cost is defined as
Different from (21), the action in (28) is changed from k n to u n . Similarly, (22) and (23) are modified into
and
The detailed procedures of this algorithm can be described in Fig. 4 .
VI. NUMERICAL RESULTS
This section shows the performances of the proposed two algorithms by simulations. In order to show the impact of imperfect CSI, it is desired to compare them with a reference algorithm which ignores the CSI imperfections. Here, the reference algorithm is obtained by modifying the power 
Under the same simulation environments, the reference and proposed two algorithms are compared in terms of cost, average efficient energy consumption, average retransmission times per packet, average buffer load, and overflow probability. For facilitate the following description, the proposed Q-learning algorithms with and without the uncertainty bound of CSI imperfections are called as Algorithms 1 and 2, respectively. In the simulations, 9 different MCS are defined in Table 1 . The block flat-fading channel is generated by a correlated Rayleigh fading channel model in [22] . The main simulation parameters are listed in Table 2 . the CSI imperfections, the average retransmission times of the reference algorithm increase significantly with the uncertainty bound, which also results in the performance degradation in terms of the total cost, the average efficient energy consumption, the average buffer load, and the overflow probability. Using the idea of robust optimization, Algorithm 1 makes full use of the uncertainty bound of CSI VOLUME 5, 2017 imperfections and raises the transmit power with the increase of the uncertainty bound θ. By limiting the average retransmission time at a low level, Algorithm 1 obtains excellent performances in terms of the average buffer load, and the overflow probability. Since the uncertainty bound of CSI imperfections is unavailable for Algorithm 2, the transmission power cannot be changed with the uncertainty bound θ. Accordingly, the other performances are also constant in this case. Even without the uncertainty bound of CSI imperfections, Algorithm 2 still obtains acceptable performances and outperforms the reference algorithm. Fig. 6 shows the transmission performance versus the packet arrival rate λ. It can be seen that the average efficient energy consumption and average retransmission times are not changed with λ. Meanwhile, the average buffer load and the overflow probability increase significantly. The reason is that the wireless transmission capacity is limited and independent from the buffer load. With the increase of λ, more packets will stay in the buffer and wait for transmission. If the number of arrival packets in each timeslot is too many, the buffer cannot store all new arrival packets, which results in the overflow, i.e., some of them are discarded unconditionally. Fig. 7 shows the transmission performance versus channel correlation coefficient ρ. It should be noted that the correlation between the channel gains of two successive timeslots increases with the channel correlation coefficient ρ. It can be seen that the performances of the three algorithms are not changed with ρ, which also indicates that the channel correlation exerts little effect on the proposed algorithms. The reason is that the average channel gains are independent of the channel correlation coefficient. Therefore, the average channel gains will remain unchanged. Accordingly, the transmission performance will also remain unchanged.
From these sub-figures with constant curves in Fig. 5 , Fig. 6 and Fig. 7 , the following inferences can be obtained:
• When the uncertainty bound of CSI imperfection is unknown, the relationship between the transmit power allocation and the MCS selection cannot be built. Therefore, the power selection action is needed when using the Q-learning algorithm.
• The packets arrival rate has a small impact on the average efficient energy consumption and the average retransmission time.
• The channel correlation coefficient has little effect on the transmission performance. For Algorithm 2, it can be expected that the number of transmit power levels M exerts a strong impact on the system performance. On the one hand, if M is too small, the allocated transmission power will lack of resolution and cannot satisfy the BLER requirement accurately. On the other hand, if M is too large, the algorithm will trap in the curse of dimensionality and good solutions are not easy to get within a small iteration. Fig. 8 shows the transmission performance of algorithm 2 versus the size of M , which indicates that the above two issues can be balanced by selecting a proper size of M . Table 3 compares the proposed two algorithms in terms of the sizes of state and action spaces, and the computation complexity. It can be seen that the two algorithms have the same size of state space. However, compared with Algorithm 1, Algorithm 2 has a larger action space. From [29] , we can know that a large action space will result in a longer convergence time, which is also verified in Fig. 9 . By using reinforcement learning, the statistical information of the imperfect CSI is obtained and the performance of transmission scheduling is improved. Although only one iteration is implemented at each time slot in our algorithms, the accumulated information of multiple iterations will enable us to obtain the statistical information of the imperfect CSI gradually. In other words, the 30000 slots are the time to learn for algorithm 1. In practical, for the first 30000 slots' transmission, the system is in the state of learning, and thus the derived results are not optimal. After the first 30000 slots' transmission, the system can grasp the CSI imperfection, and effectively improve the performance of the transmission scheduling. Refer to the LTE standard [30] , if the period of each timeslot is 10ms, the convergence times of the proposed two algorithms are about 5 minutes and 15 minutes, respectively. From the view of practical systems, both the two proposed algorithms can be used to deal with imperfect CSI issues and improve the system performance quickly. Such methods are suitable for long time continuous data transmission. Whereas, for short time data transmission, it is still a challenging issue to be resolved in the future.
VII. CONCLUSION
This paper focuses on the problem of transmission scheduling of delay-sensitive data over a point-to-point correlated Rayleigh fading channel with channel measurement errors. Two online learning based algorithms are proposed to schedule the delay-sensitive data for the situations with and without the uncertainty bound of channel estimation, respectively. The conclusions are drawn as follow:
• The CSI imperfections have a tremendous impact on the system performance. In this paper, the CSI imperfections are modeled as uncertain sets using the ellipsoidal approximation. Numerical results show that VOLUME 5, 2017 if ignoring the effects of CSI imperfections, the system performance degrades significantly, which indicates the CSI imperfections must be considered in practical systems.
• The proposed two online learning based scheduling algorithms can tackle the issue of the imperfect CSI and obtains acceptable the system performance over different correlated Rayleigh fading channels in terms of energy-efficiency, transmission delay and overflow probability.
• Compared with the proposed algorithm 1, the proposed algorithm 2 can deal with the situation without the uncertainty bound of channel estimation errors, which results in a larger action space and a longer convergence time. From the practical view, the convergence times of the two algorithms are still very short. Therefore, the two algorithms can learn an unknown environment quickly and improve the performance of transmission scheduling. 
